Motivation The increasing availability of complete genome sequences provides
Introduction
Many cellular processes, such as metabolic and signal transduction pathways, involve protein-protein interactions. Therefore, it is important to identify these interactions to fully understand the molecular mechanisms of the living cell (Auerbach et al., 2002; Eisenberg et al., 2000) . The increasing availability of complete genomic sequences makes it possible to apply in silico or experimentally based reverse proteomics approaches to the detection of protein-protein interactions on a proteome scale (Walhout and Vidal, 2001 ). The in silico or experimentally based reverse proteomics approaches include the yeast two-hybrid assay (Fields and Song, 1989) , the gene neighbor method (Overbeek et al., 1999) , the gene fusion method (Enright et al., 1999; Marcotte et al., 1999a) , and the phylogenetic profiles method (Date and Marcotte, 2003; Gaasterland and Ragan, 1998; Marcotte et al., 1999b; Pellegrini et al., 1999) etc.
Such resultant protein-protein interactions may provide a new basis for biological discoveries, especially for understanding the functions of many uncharacterized proteins (Chen and Xu, 2003) .
The phylogenetic profiles method (Gaasterland and Ragan, 1998; Pellegrini et al., 1999 ) -an in silico method -is based on the assumption that there is strong selective pressure on proteins that functionally interact with each other so that they are inherited together during speciation events. Thus, proteins in a target organism with the same or similar phylogenetic profiles [constructed by detecting homologous proteins as being present or absent in reference organisms with a predetermined threshold BLASTP (Altschul et al., 1997) E-value] , can be hypothesized to interact with each other physically or functionally. Therefore, selection of reference organisms and determination of the threshold BLASTP E-value are the two critical steps of this method. As more and more completely sequenced genomes become available, it is natural to ask whether the addition of new genomes would improve the accuracy of the phylogenetic profile method (Zheng et al., 2002) and whether changing the threshold E-value would affect the method's accuracy. However, to our knowledge, no published report has systematically studied the effects of the reference genome selection and the E-value threshold on the accuracy of this method.
We therefore investigated the phylogenetic profiles method by integrating the selection of reference organisms and the choice of a suitable E-value threshold, simultaneously. The results indicated that the reference organism selection and the E-value threshold greatly affect the performance of the method. Using our refined method, we predicted protein interaction data sets and unknown protein function for six microorganisms. Moreover, the comparison of protein-protein interactions of Escherichia coli K12, predicted by Date and Marcotte (DM method, Date and Marcotte 2003) with our predicted protein-protein interactions, demonstrated that our refined phylogenetic profiles method shows greater performance and predicts more reliable protein interactions over the DM method. Therefore, it is essential to consider the selection of reference organisms and E-value threshold when applying the phylogenetic profiles method in prediction of the protein-protein interactions.
Materials and Methods

Different combinations of reference organisms and E-value thresholds
The protein sequences of 163 organisms were downloaded from the National Center for Biotechnology Information (NCBI) ftp site (ftp.ncbi.nih.gov/genomes). C. crescentus (Ccr), E. coli K12 (Eco), E. coli O157:H7 (Ecs), P. aeruginosa (Pae), S. aureus subsp. aureus N315 (Sau), and V. cholerae (Vch) were regarded as target organisms and the remainder as reference organisms. The classification names of the 163 organisms were downloaded from the NCBI Taxonomy site and used to reconstruct an evolutionary tree (see Supplementary Material 1 - Figure 1 on-line).
Each clade, one basic element of the evolutionary tree, is usually monophyletic, that is, all members in one clade share a common ancestor, meaning that each organism corresponds to different clades in different hierarchies within the evolutionary tree.
We determined which subsets of selected genomes corresponded to the clade hierarchy and selected an organism far away from other member in the same clade.
When a clade with several organisms had no subclades, we randomly selected. When a clade had subclades, we first selected the subclade with the fewest sub-subclades and then selected an organism as described above (detailed in Figure 1 ). Therefore, the rationale for selection of different sets of organisms is, for a given clade, to take the organism, which is evolutionarily the furthest apart from the rest of the organisms in that clade. Consequently, the selected organism can be regarded as a form of outlier compared to the others in that clade. Based on this rationale, we selected 9 sets of reference organisms, named 18, 35, 55, 65, 86, 106, 128, 145, and 162, respectively. At the same time, seven E-value thresholds were applied to determine if a homologous protein was present or absent using BLASTP: 1ዊ10 -1 (abbreviated as
-5 (E05), and 1ዊ10 -7 (E07), and 1 ዊ 10 -10 (E10). Thus, 63 combinations of different reference organisms and various E-value thresholds were formed (e.g., 18E01, 35E01, 145E01, 145E04, 162E01, 162E10 and so on).
Phylogenetic profiles method and the threshold of mutual information
The protein sequences of a target organism (e.g., E. coli K12) were compared with those from reference organisms using BLASTP. For each protein i of the target organism, the BLAST E-value of the top scoring sequence alignment between proteins i and all the proteins of each reference organism j was assigned to E ij .
Phylogenetic profiles were constructed as follows: for each protein i, a vector was generated with elements P ij , where P ij = -1/logE ij when E ij is lower than the predetermined E-value threshold, and P ij = 1 when the E-value is greater than or equal to the predetermined E-value threshold. For the DM method, P ij = 1 when the E-value is greater than or equal to 1ዊ10 -1 . Construction of the shuffled phylogenetic profiles and the comparison of the actual and shuffled phylogenetic profiles were performed using the DM method (Date and Marcotte 2003) . The threshold of mutual information (TMI) of each combination was analyzed from differences between the distribution of the actual and shuffled phylogenetic profiles ( Figure 2 and Supplementary Material 1- Figure 2 ). The linkages between two proteins whose mutual information value was higher than the TMI were regarded as putative functional linkages. Linkages between homologous proteins whose BLAST E-value was lower than 1ዊ10 -4 were removed.
Gold-standard positives and negatives
To evaluate which combination had the greatest accuracy, reference data sets that serve as gold standards of positives (i.e., proteins that do interact) and negatives (i.e.,
proteins that do not interact) were needed. The DIP (Salwinski et al., 2004) E. coli data set served as our positive control. We had no direct information about which proteins did not interact. Fortunately, indirect information could be obtained from functional protein data since proteins with different functions tend not to interact (Schwikowski et al., 2000; von Mering et al., 2002 ). We applied the first level of KEGG orthology (KO) (Kanehisa et al., 2004) , which includes five broad functional categories for each organism, and deleted those proteins belonging to more than two categories. Then protein pairs from different functional categories were compiled to form negative controls. These positive and negative data sets were compared and only one pair was found to be the same. In order to ensure the reliability of the negative and positive control data sets, we deleted these two proteins from the KO functional categories.
The comparative index (R-value) was used to measure the accuracy of each combination, and was calculated as:
where TP (true positive) is the number whose MI is higher than TMI in the positive control, P is the number of positive controls, TN (true negative) is the number whose MI is lower than TMI in the negative control, and N is the number of negative controls.
Prediction of genome-wide functional linkages and unknown proteins of six organisms
In addition to E. coli K12, genome-wide functional linkages of C. crescentus, E. coli O157:H7, P. aeruginosa, S. aureus subsp. aureus N315, and V. cholerae were also calculated using the combination of 145 set of reference organisms and an E-value 1
ዊ10
-4 as the threshold for BLASTP . We predicted the function of uncharacterized proteins for six microorganisms using the "guilt by association" method (Oliver, 2000; Schwikowski et al., 2000) .
Comparison of predicted protein interaction data and published data
In order to measure the performance and reliability of our refined method over previous methods, we compared the number of interacting proteins, the number of predicted unknown proteins, and the functional similarity index of protein-protein interaction data for six microorganisms. In addition, we conducted an in-depth comparison by calculating several strings of sensitivity and specificity using the predicted protein-protein interaction data of E. coli K12, based on biological pathway information (KEGG) (Kanehisa et al., 2004) , protein complexes (EcoCyc) (Keseler et al., 2005) , and experimental protein-protein interactions (DIP) (Salwinski et al., 2004) .
To find out whether the method to select reference organism sets is practical, we compared the performance based on selected genomes as described above with that based on randomly selected genome sets.
We first used the number of interacting proteins as an indicator for genome coverage and the functional similarity index as an indicator for accuracy. The method of functional similarity has been used previously to evaluate functional linkages and accuracy of predicted data (Strong et al., 2003) . Here we determined the functional categories of six microorganisms, which were downloaded from the Clusters of Orthologous Groups of proteins (COG) database. The functional similarity index of a protein interaction data set was calculated as the maximum true-positive fraction divided by the maximum false-positive fraction, where the maximum false-positive fraction was calculated as the fraction of pairwise links that do not belong to the same COG functional category, and the maximum true-positive fraction was calculated as the fraction of pairwise links that do belong to the same COG functional category.
Sensitivity was calculated based on the pathway data from the KEGG database, protein complex data from the EcoCyc database, and protein interaction data from the DIP database. Specificity was calculated using the negative control data above. For the KEGG database, proteins on the same biological KEGG pathway were presumed to be functionally linked (Strong et al., 2003; von Mering et al., 2005) , while those on different maps were not. Similarly, for the EcoCyc database, proteins that appear in the same complex are presumed to interact, while those in different complexes are not.
For the DIP database, sensitivity was calculated as described above. The TMIs were extracted by comparing the distributions of mutual information values between actual and shuffled profiles. Protein pairs whose mutual information scores were higher than the TMIs were considered functionally linked. As a result, 63 potential protein interaction data sets for E. coli were generated.
Results
Comparison of different combinations of reference organisms and E-value thresholds
The comparative index (R-value) was used to measure the accuracy of each interaction data set of the 63 combinations: the higher the R-value, the better the predicted result. Figure 3 illustrates the R-value for each combination and reveals a wide variation in accuracy for the 63 combinations. The R-values of 9 combinations with E-value thresholds of 1ዊ10 -1 were the lowest among all sets and were not significantly different (P < 0.95), and the highest R-value did not exist among the 9
combinations with E-value thresholds of 1ዊ10 -10
. However, the R-values of E-value thresholds of 1ዊ10 -4 and 1ዊ10 -5 are generally higher than those of the other E-value thresholds. In particular, E04145 and E05145 had the highest R-values. These results
showed that the performance of the phylogenetic profiles method was affected by the E-value thresholds and was not improved by decreasing these thresholds. From the results above, we next applied the E04145 set to predict the protein-protein interaction for six microorganisms.
Data sets comparison
We first compared the coverage and accuracy of the DM data, the 55 set (Sun_55), and the 145 set (Sun_145) ( Table 1) , based on predicted protein-protein interactions for six microorganisms. These sets were selected because the number of reference organisms (55) is nearly equal to that of the DM data (57) and the 145 set is our preferred subset. The comparison of Sun_55 and DM_57 shows that the coverage (the number of interacting proteins) is lower than that of the DM data while the accuracy (functional similarity index, FSI) was higher than that of the DM data. The
comparison of Sun_145 and DM_57 shows that both the coverage and the accuracy are higher than that of the DM data. Figure 4 , panels a, b, and c, showed the comparison of the range of sensitivity and specificity values for the 18, 35, 55, 65, 86, 106, 128 , and 145 datasets, the corresponding data of randomly selected genomes, and DM_57, based on the KEGG database, the EcoCyc database, and the DIP database, respectively. Although the three databases differ in the biological information provided, the results are unexpectedly similar. First, the sensitivity and specificity of the protein interaction data derived from selected organisms are higher than that from randomly selected organisms, which suggested that the protocol to select reference organisms is practical. Second, the sensitivity and specificity of the protein interaction data of the 55 set are higher than that of the DM_57 data set, which indicated that the selection of reference organisms and the criteria for homology identification significantly improved the prediction accuracy of this method. Third, the sensitivity and specificity of the protein interaction data of the 145 set are higher than that of the DM_57 data set and the other sets. Therefore the refined phylogenetic profiles method provides better performance than the original DM method.
Genome-wide protein interaction data and protein function prediction for six organisms
The data set for E. coli using the 145E04 combination predicted 45,451 functional linkages involving 2,481 proteins. We also predicted protein interaction data for five other microorganisms using the refined phylogenetic profiles method (see Supplementary Material 2 online). Additionally, many functional pathways, for example, the citrate cycle (TCA cycle), fatty acid biosynthesis (path 1), ABC transporters, two-component system biosynthesis, flagellar assembly, and chemotaxis in E. coli were demonstrated (see Supplementary Material 1, Table 1 on-line).
We predicted protein function for six microorganisms (see Supplementary Material 3 on-line) using the "guilt by association" method (Oliver, 2000; Schwikowski et al., 2000) . For example, in E. coli, YabB (PID 1788865) was predicted to belong to the category of cell envelope biogenesis (outer membrane COG category) and was 
Discussion
The phylogenetic profiles method has been widely used to predict functional protein linkages (Enright et al., 1999; Pellegrini et al., 1999; Strong et al., 2003; Wu et al., 2003) and protein subcellular localization , to annotate genomes (Enault et al., 2003; Zheng et al., 2002) , and to discover novel pathways (Date and Marcotte, 2003) . In this study, we showed that careful determination of reference organisms and E-value thresholds significantly improved the performance of the phylogenetic profiles method and proposed a practical protocol for selection of reference organisms when applying the phylogenetic profiles method.
When the method was first proposed and exploited by Pellegrini et al. (Pellegrini et al., 1999) , only 16 fully sequenced organisms were used to construct phylogenetic profiles. Later, studies by other groups used all available genomes without considering the impact of organism selection on the method's predictive power (Date and Marcotte, 2003; Enault et al., 2003; Marcotte et al., 1999b; Marcotte et al., 2000; Pellegrini et al., 1999; Strong et al., 2003; Wu et al., 2003) , because of the limited number of complete genome sequences at that time. As more and more complete genomic sequences are available, it becomes possible to pursue the question of whether the addition of new genomes would improve accuracy and coverage of the method (Zheng et al. 2002) . Zheng et al. demonstrated that more genomes (68 versus 30) would generate greater putative functional associations and also proposed that there was a possible upper limit of accuracy for the phylogenetic profiles method. The authors failed, however, to provide a proper strategy for selecting organisms and to reveal the number and combination of organisms that would generate the highest accuracy. So it is necessary to develop a proper strategy for sampling organisms from different taxa as more and more completely sequenced genomes become available.
Here we exploited the phylogenetic relationships of 162 currently available genomes to select reference organisms. Our results indicated that increasing the size of the reference genome pool within a certain range does improve the accuracy of the phylogenetic profiles method. While beyond this range, the improvement trend becomes rather gradual. It is probably because fewer reference genomes (such as 18 or 35) do not include enough co-evolutionary information and results in lower accuracy and lower coverage. As the number of reference organisms increases, there is more co-evolutionary information used and the performance improves until the coevolution information provided by a certain number of reference organisms (86 here) covers most of the co-evolutionary information available from all reference organisms (162 here). Therefore, the adding of more genomes into the optimal number of reference organisms, will not improve the performance as much as expected, and could even decrease it a little (as with 162 set in our results) as too many genomes might mix more noise into phylogenetic information.
Therefore, when applying the phylogenetic profiles method to predict protein-protein interactions, it is essential to consider the selection of reference organisms. However, choosing a good strategy to select the reference organisms is of importance. Here we exploited the organisms' phylogenetic relationships to select reference organisms for all members in a clade should evolve from a common ancestor and the one far apart from the rest is close to their ancestor. Therefore, for a given clade, we selected the organism, which is evolutionarily the farthest apart from the rest of the organisms in that clade, essentially selecting and outlier of that clade. Our results showed that exploiting the phylogenetic relationships of organisms is an effective strategy to select reference genomes. The predictive power of the method could be expected to further improve if the organisms' evolutionary distance were also taken into account.
Here we only investigated the 162 organisms available when we began this study.
However, with more and more completely sequenced organisms available, it might not be necessary and suitable to use the whole set of 162 organisms. According to our results, here we give a practical protocol to select the set of reference genomes:
First, go to the link http://www.ncbi.nlm.nih.gov/genomes/Complete.html. And then click Eubacteria in the sentence "See Archaea and Eubacteria genome projects sorted by taxonomic groups" and download "phylip tree" file. Second, use the software TreeView to open "phylip tree" file. Third, select organisms of the appropriate level from the phylogenetic tree, which is evolutionarily the farthest apart from the rest of the organisms in the same clade (i.e. an outlier). Finally add the all Archaea and
Eukarytoes organisms with complete genomes, which has much less species than Eubacteria and the reference organisms set would be obtained for further calculation.
When applying the phylogenetic profiles method, the program BLASTP is used to compare the protein sequences and to calculate E-values between the proteins in the target and reference organisms. As for the E-value threshold determination of the presence or absence of homologous proteins, no systematic efforts have been made to optimize E-value thresholds. Most authors used different values without giving any explanation, and used the binary value (present, 1 and absent, 0) to record the presence or absence of homologous proteins. Although Date and Marcotte claimed that the phylogenetic profiles method they used requires no minimum threshold of similarity to be specified, they applied the most permissive E-value threshold (10 -1 ) and then used E-values lower than the threshold to capture different degrees of sequence divergence (Date and Marcotte 2003) . Such a low threshold might result in information without any biological significance being included in the phylogenetic profiles. So it is necessary to investigate whether varying E-value thresholds would affect both the accuracy and coverage of the method and to determine the proper Evalue threshold. Through our systematic investigation of E-values, our results show that the E-value threshold has a significant effect on the application of the method,
and an E-value cutoff of 1ዊ10 -4 or 1ዊ10 -5 would achieve optimal accuracy and coverage.
In order to evaluate this method, we used E. coli protein interaction data from DIP as a positive control because this database records experimentally determined proteinprotein interactions (Salwinski et al., 2004) . In addition, we used the first level of KEGG orthology to compile the negative controls because the KEGG functional categories at this level are clear-cut and well defined (Kanehisa et al., 2004) . It is reasonable to assume, therefore, that interactions between proteins from different categories are not likely to occur. Although the reference datasets are not necessarily complete and may be biased to a certain degree, they can be used for evaluation purposes. Although some researchers have used a standardized keyword annotation of the Swiss-Prot database to evaluate the quality of predicted functional linkages (Marcotte et al., 1999b; Strong et al., 2003) , we found it difficult to use and not appropriate for this study. The functional similarity method used here applied the same principle as the keyword recovery scheme, as both approaches were based on functional annotations. (Enright et al. 1999; Overbeek et al. 1999) , is expected to be valuable, not only to identify interacting protein pairs, but also to infer protein function. The schematic description of the evolutionary tree and genome subset selection. The symbol indicates the evolutionary hierarchy. C1-C8 represents each clade, 1G-5G represents each subset and 1-8 represents each organism. Clade 1 (corresponding to organism 1) and clade 2 are at the first level, clade 3 and clade 4 (containing organisms 6, 7, and 8) are at the same level under clade 2, clade 5 and clade 6 (corresponding to organism 5) are at the same level under clade 3. We selected organism 1, and randomly selected organism 6 from organisms 6, 7, and 8 to form subset 1 (abbreviated as 1G), and selected organisms 1, 5, and 7 to form subset 2 (2G) and so on. -4 ). The number "18" represents the distributions of scores of the actual mutual information of 18 organisms as reference organisms and s18 indicates the distributions of scores of the shuffled mutual information using the same reference organisms. The same score parameters are applied to the following: 35, s35, 65, s65, 86, s86, 106, s106, 128, s128, 145, s145 and 162, and s162. The solid lines represent the distributions of scores of the actual mutual information and the dashed lines represent the distributions of scores of the shuffled mutual information. For comparison, distribution of mutual information scores of all actual and shuffled protein pairs E. coli E01 and E10 (E-values of 1ዊ10 -1 and ዊ10 -10 ) (inset) are presented, which show that the differences between the distribution of mutual information scores of the actual and that of the shuffled protein pairs increased from E01, E02 … to E10, and from 18…to 162. 
Figure 4
The range of sensitivity and specificity values of protein-protein interactions of E. coli with different reference organisms. DM_57 was data from DM results, R18 was based on a set of 18 randomly selected genomes, R35 on 35 randomly selected genomes and so on. Others -for example, 18, 35 etc. -were based on selected reference organisms using phylogenetic relationships. 
